1. Introduction {#s0005}
===============

A disaster is any event that occurs suddenly and whose impact may increase in intensity; it stops society from its normal functioning and causes losses to life, economies, and the environment ([@b0180], [@b0165]). Disaster management involves the fulfillment of some operations before and after the occurrence of a disaster in order to reduce its detrimental effects ([@b0105], [@b0205], [@b0230]). COVID-19 is a disaster that hit the globe in late 2019 and has involved about 203 countries, affected more than 754,000 people, and taken the life of about 36,500 individuals up to the end of March 2020. It should be mentioned that these statistics pertain to the end of March 2020; significantly, the numbers of infected people and mortality rates change every day ([@b0285]).

In fact, COVID-19 is an infectious disease resulting from a previous variant of the coronavirus ([@b0260]). Before its outbreak in Wuhan, China, in December 2019, this was an unknown viral disease. Fever, tiredness, and dry cough are among the most common symptoms of this virus ([@b0135], [@b0225], [@b0275]). Patients may also exhibit nasal congestion or a runny nose, aches and pains, sore throat, or diarrhea. These symptoms generally do not begin with severity; they may develop little by little. In fact, some infected individuals may not even feel unwell and, hence, remain unaware that they are contagious. Most affected people recover from the disease without any specific treatment and hospitalization. About 17% of COVID-19 sufferers experience severe illness and breathe with difficulty. People of higher age and those with underlying medical conditions, including diabetes, heart problems, or high blood pressure, are at greater risk of suffering more seriously from its negative effects ([@b0270]).

One of the problems now confronting societies is the lack of equipment to successfully encounter this virus. This virus propagates rapidly, so any failure in dealing with its prevalence dramatically increases the number of infected people. If communities are faced with a shortage of medical/healthcare equipment, an increase in the number of infected people can initiate an irreparable and incredible catastrophe. The provision of some strategies and solutions to reduce the outbreak rate of this disease, and the coordinated management of infected people, can lead to the breakdown or deceleration of the virus chain since no definitive cure has been identified for the disease at this point. Healthcare equipment and services, such as coronavirus testing kits, masks, gloves, etc. are not available to all the people in the society. Therefore, an effective way to make optimal use of the available healthcare equipment and to manage the demands in the healthcare supply chain is to identify and classify the individuals with and without COVID-19 and, accordingly, to propose instructions/regulations for each class. Generally, the main purpose of this study is to respond to the following research questions: How is it possible to develop a decision support system in order to classify community members for the management of demand in the healthcare supply chain? How to disrupt the virus chain itself? How to control the outbreak of an epidemic to mitigate its impact on the healthcare supply chain?

1.1. Contribution statement {#s0010}
---------------------------

This paper proposes a decision support system based on physicians\' knowledge and fuzzy inference system (FIS) in order to classify community members with the objective of managing demand in a healthcare supply chain and breaking down or decelerating the virus chain. As a highly practical tool, FIS has been proposed on the basis of expert knowledge in the realm of fuzzy set theory in order to deal with the nonlinear mapping of input to output variables. Since COVID-19 is a new disease and reliable datasets pertaining to this disease are not available, it is desired to use the FIS approach, which is based on expert knowledge. In addition, the input and output variables in this approach do not follow a linear function; therefore, FIS makes it possible to define the proper functions (rules) for different conditions. This is another rationale for the employment of FIS in this paper. The healthcare chain proposed in this paper is a two-echelon chain, including community members (service recipients) and the healthcare system (service providers). In this supply chain, healthcare equipment and services provided by the healthcare system are considered as the product. The structure under study of the healthcare supply chain is shown in [Fig. 1](#f0005){ref-type="fig"} . In the proposed approach, any sudden increase of demands in the healthcare supply chain is first prevented based on regulations notified to each class. Secondly, disruptions must be mitigated in this chain. In addition, community members' stress is reduced when the reach of the COVID-19 virus decreases. To increase the accuracy of the proposed decision support system, criteria including age and pre-existing diseases (such as diabetes, heart problems, or high blood pressure) have been considered in addition to the three main criteria of fever, tiredness, and dry cough. Generally, the contributions of this study can be summarized as follows:•Developing a decision support system based on FIS to manage demand in a healthcare supply chain, to break down or decelerate the virus chain, and to control the outbreak of an epidemic to mitigate its impact on the healthcare supply chain•Grouping people (service recipients) based on two criteria, including age and pre-existing diseases (such as diabetes, heart problems, or high blood pressure) and providing an independent classification method for each group•Evaluating the efficiency of the proposed approach using real world data and its validity by a sensitivity analysis procedure. Fig. 1The structure of the healthcare supply chain under study.

The rest of this paper is structured as follows. In [Section 2](#s0015){ref-type="sec"}, we review the literature on disaster management, epidemic outbreaks, and FIS. The problem statement and proposed approach are presented in [Section 3](#s0035){ref-type="sec"}. We apply a case study for evaluating the efficiency of our proposed approach in [Section 4](#s0040){ref-type="sec"}. Finally, a sensitivity analysis and conclusion are explained in [5](#s0045){ref-type="sec"}, [6](#s0050){ref-type="sec"}, respectively.

2. Literature review {#s0015}
====================

To date, a large number of studies have been done on supply chain network design under disruptions in a variety of domains, such as supplier selection and order allocation ([@b0215]), biofuel supply chain ([@b0100]), reverse supply chain ([@b0130]), blood supply chain ([@b0115]), fashion supply chain ([@b0295]), etc. by means of mathematical programming tools. In this regard, some studies have even touched upon the impacts of epidemic outbreaks on supply chains ([@b0145], [@b0080]). In the following, [Section 2.1](#s0020){ref-type="sec"} examines the concept of disaster management. [Section 2.2](#s0025){ref-type="sec"} discusses the studies undertaken in operations management related to diseases or epidemic outbreaks. At the end, [Section 2.3](#s0030){ref-type="sec"} is dedicated to the introduction of FIS.

2.1. Disaster management {#s0020}
------------------------

As suggested by [@b0050], a disaster management cycle is an attempt to plan the strategies and measures that are at play from the beginning to the end of a disaster's lifespan. This framework has been repeatedly modified ([@b0265]) in such a way that it currently entails two phases (relief and development) and four activities (preparedness, rehabilitation, response, and mitigation) ([@b0010]). In addition, both of the mentioned phases have some activities as subcategories. For example, response and rehabilitation are two activities included in the relief phase, and the two other activities, preparedness and mitigation, are placed in the development phase ([@b0110], [@b0190]).

Activities and measures preplanned to guarantee the effectiveness of responses to the impact of risks and threats, such as pertinent hazards warnings or the temporary evacuation of occupants from homes and workplaces exposed to disasters, fall within the category of **preparedness** ([@b0235]). Indeed, these activities seek to minimize the negative effects of such disasters and to devise relevant strategies within the realm of socio-economic, physical, and environmental domains ([@b0280]). In this regard, efforts to provide effective **responses** should encompass various factors, such as resources, urgent measures for life saving, environmental conservation, and the socio-economic and political status of the affected society ([@b0015]).

In the same way, activities grouped within the **rehabilitation** domain seek not only to rebuild damaged areas and properties but also to establish a new situation significantly better than the previous one. Rehabilitation actions are designed to avoid similar detrimental effects of future disasters by exercising resilience ([@b0110]).

**Mitigation** efforts seek to either prevent the initiation of a disaster or to decrease the damages that may come into play ([@b0245], [@b0125]).

2.2. Epidemic outbreaks of disease {#s0025}
----------------------------------

Epidemic outbreaks are specifically considered among supply chain disruptions. Further, they denote a particular variety of threat in the supply chain, which is recognized by the three following components: (1) the presence of long-term and unexpected scaling disruption, (2) disruption propagation in the supply chain and epidemic outbreak propagation in the population, and (3) disruptions in the infrastructure of logistics, demand, and supply. In contrast to most disruption threats and risks, epidemic outbreaks are minor at the outset, but they develop and spread over various geographic areas very quickly ([@b0120]). The latest pertinent examples include MERS, SARS, Swine flu, Ebola, and the newest one, coronavirus. The COVID-19 outbreak started in Wuhan, China and quickly affected the Chinese economy; as a result, supplies in worldwide supply chains were considerably diminished. Accordingly, [@b0025] has asserted that the outbreak of this viral disease is one of the most critical disruptions to occur in recent decades and, thereby, it is ravaging a large portion of supply chains across the world.

To investigate epidemic outbreaks that struck before that of COVID-19, one will find limited information in connection with supply chain measures. For example, [@b0160] analyzed a pandemic response plan that was designed at Toronto's Pearson International Airport after undergoing the harmful effects of SARS epidemic outbreak in 2002--2003. This virus terribly influenced the global airline industry; in fact, airlines in Taiwan suspended about 30% of international flights ([@b0085]). However, the spread rate of the SARS virus and China's role in the critical situation of SARS totally differed from that of the current COVID-19 virus; accordingly, SARS had lower adverse effects on the SCs. Similarly, the spread of the Ebola virus badly affected worldwide logistics ([@b0035]). In this regard, [@b0040], [@b0045] shed some light on the valuable experiences obtained while Ebola virus was dominant. They called for the development of a decision-support framework through which epidemic outbreaks might be predicted and their effects on the supply chains could be facilitated. With such a framework, required measures and logistic policies could be adopted during and following the disaster. [@b0145] studied the impact of epidemic outbreaks on supply chain networks. He specifically considered the propagation of the COVID-19 virus on global networks using characteristics of the uncertainty type. As for the methodology, Anylogic software was used to predict and simulate both short- and long-term impacts. Experiments show that closing and opening dates of facilities are the most impactful factors in the propagation. The results could help decision makers to mitigate the uncertainties and to curb or decelerate propagation.

2.3. Fuzzy inference system {#s0030}
---------------------------

As a nonlinear system, FIS is obtained from the integration of expert system technology and fuzzy logic ([@b0185]). This system includes a set of fuzzy IF-THEN rules that are arranged based on experts' or decision-makers' knowledge. Such rules are used in this system for simulating the process of human reasoning. FIS has some advantages, such as the benefiting from human knowledge and changeable rules to indicate experts' judgment ([@b0030], [@b0255]). In this vein, fuzzy logic modeling techniques fall within two groups, either the Mamdani ([@b0195]) or the Takagi-Sugeno-Kang ([@b0250]). The fuzzy sets of antecedents and their consequences are the constituents of Mamdani models, but only the antecedents are placed in the Takagi-Sugeno-Kang model where the consequence here entails linear equations. The main purpose of fuzzy relational equation models is to create such fuzzy relation matrices based on data of the input--output process ([@b0170]). In this manner, Takagi-Sugeno-Kang FIS undergoes some problems, especially regarding the accomplishment of the multi-parameter synthetic evaluation and the weight assessment of inputs and fuzzy rules. The positive features of the Mamdani model -- particularly, its legibility and understandability -- are evident to laypersons. The Mamdani FIS is advantageous over other models in terms of output expression ([@b0055]).

FIS is an applied tool in various areas, such as risk management ([@b0140], [@b0090]), supplier selection ([@b0020], [@b0150], [@b0155]), manufacturing systems evaluation ([@b0210]), healthcare supply chain ([@b0200]), and so forth.

In this paper, a Mamdani FIS is used to classify the community residents so demand can be managed in a healthcare supply chain under the disaster arising from COVID-19. Further, the model strives to control epidemic outbreaks of this disease and to mitigate supply chains disruptions that pertain to healthcare supply chains.

However, the use of expert-based and management tools to control epidemic outbreaks and to mitigate supply chain disruptions has not received much attention. Accordingly, a decision support system based on FIS and physicians' knowledge is developed for this purpose in this study.

3. Problem statement and proposed approach {#s0035}
==========================================

Many societies have proposed solutions to address disasters and have taken measures tailored to their preparedness, response, rehabilitation, and mitigation activities regarding disaster control. For example, many countries minimize human, economic, and environmental losses in the face of disasters such as floods, earthquakes, storms, etc. by means of proper disaster management ([@b0220], [@b0005]). Effective management of these kinds of disasters benefits from past similar experiences and historical data ([@b0290]). Such disasters are not of epidemic scale and they affect only parts of a country; further, they last for a short duration. The localized nature of such disasters presents the possibility that non-affected countries can help the disaster-stricken society. However, the ability to assist takes a different shape when a novel, long-running, and rapidly growing disaster such as COVID-19 emerges. Such a disastrous situation confuses decision-makers and governments and disrupts almost all community activities and supply chains. Since COVID-19 is a new and unknown virus, it has many unknown aspects and, thereby, the identification of and access to some of these aspects is time-consuming and costly; more importantly, it endangers the lives of many humans. Many communities face a shortage of medical and human resources (treatment staff) under such conditions due to the high rate of disease outbreaks. This heightened demand for services leads to disruptions among many supply chains, but especially with the healthcare supply chain. Therefore, the prioritization of community members for the provision of better services and solutions to manage the demand in the healthcare supply chain can improve government performance and reduce disruptions in this chain. In this paper, a decision support system based on the FIS and physicians' knowledge is developed to classify and prioritize community members in terms of the severity of physical condition. The proposed decision support system aims at using mitigation activities to reduce the effects of COVID-19, reduce disruptions in the healthcare supply chains to provide better service to disadvantaged communities, and, ultimately, to manage the increased demand in the healthcare supply chain. However, it should be noted that it is not possible to give all people in one community the same prescription. In other words, each group of the society has specific characteristics that differentiate their needs from those of another group. Thus, older residents and those with pre-existing diseases (such as diabetes, heart problems, or high blood pressure) are more vulnerable according to World Health Organization (WHO) reports. Accordingly, the community members are subdivided into four groups based on their level of vulnerability to COVID-19:•Very sensitive group: People over 60 years of age who suffers at least one of the diseases of diabetes, heart problems, or high blood pressure.•Sensitive group: People below 60 years of age with at least one of the diseases of diabetes, heart problems, or high blood pressure.•Slightly sensitive group: People over 60 years of age with no diseases.•Normal group: People below 60 years of age with no diseases.

When it comes to the classification of the members of the aforementioned groups, various approaches based on FIS accomplish that. In other words, the FIS is used to classify individuals of the society, but the fuzzy inference rules will be different for each group of people in the society. In [Fig. 2](#f0010){ref-type="fig"} , the structure of the decision support system for demand management in the healthcare supply chain has been depicted. This proposed decision support system, indeed, acts as a connecting bridge between service recipients and service providers in the healthcare supply chain. The service recipients are classified by inserting their information and responding to the questions presented by the system; then, they are informed about the type of services that they should receive from service providers. In this way, this decision support system provides the grounds for demand management in the healthcare supply chain by classifying the service recipients. The proposed approach is also described in the following steps:Fig. 2The structure of proposed decision support system.

**Step 1:** In this step, the assessment criteria of individuals' physical condition in the community is determined. According to the WHO reports, three criteria, namely fever, tiredness, and dry cough are the early symptoms of COVID-19. They are considered as the input variables of the FIS. In addition, the classification of the community members acts as the output variable of this system. Then, the membership functions of the input and output variables should be defined. The input variables consist of three membership functions, (low, mid, and high). The output variable is composed of five membership functions as follows:•Class 1: Here, individuals who do not exhibit disease symptoms and have normal conditions are placed. These individuals are required to observe the healthcare tips and do their daily activities in accordance with the restrictions and guidelines set by their statesmen.•Class 2: In this group, the individuals are placed who are suspicious of the disease and, thereby, should be quarantined and restricted in their relationship with others until their condition is identified although they may have a normal condition.•Class 3: This group includes individuals who are suspected of having the mild disease and, in case they are proven to be infected, they do not need to be hospitalized and should be quarantined at home.•Class 4: This group consists of members who are suspected of having a severe illness and need to be hospitalized if their disease is confirmed; however, they do not require intensive care.•Class 5: This group contains those individuals who are suspected of suffering from serious illness and should be kept under intensive care in a hospital if their disease is proven.

Based on the proposed membership functions, the assessed individuals fall into one of these five classes.

**Step 2:** In this step, the fuzzy inference rules are determined by related experts and physicians for making a link between the input and output variables. It is noteworthy that a different set of fuzzy inference rules will be defined for each group of people in the society.

**Step 3:** In this step, the community members are assessed. For this purpose, the user enters the system; then, the proposed FIS is activated for the groups after it is determined to which group the user belongs. Finally, the user is evaluated and classified by responding to three questions about fever, tiredness, and dry cough.

4. Case study {#s0040}
=============

In this section, the performance of the proposed decision support system is evaluated using the latest WHO information on COVID-19 and physicians' knowledge in this domain. It should be noted that the evaluated criteria of the community members have been selected based on reports issued by the WHO; furthermore, physicians' knowledge has contributed to extract fuzzy inference rules and determine membership functions. The following presents a step-by-step implementation of the proposed approach:

**Step 1:** In this step, the input and output variables of the system are first determined. Fever, tiredness, and dry cough are defined as the input variables and the classification of community members is defined as the output variable of this system. Input variables entail the three membership functions of low, mid, and high; output variables include five membership functions (classes). It is also noteworthy that the membership functions of the input variables vary for different groups. In [Fig. 3](#f0015){ref-type="fig"} , the membership functions of the input variables have been presented for each group. The membership functions of the output variable are illustrated in [Fig. 4](#f0020){ref-type="fig"} .Fig. 3Membership functions of input variables.Fig. 4Membership functions of output variables.

**Step 2:** In this step, the fuzzy inference rules are determined by the physicians' knowledge for the four defined groups. The proposed FIS contains three input variables and three membership functions that have been defined for each input variable; therefore, there will be $3^{3} = 27$ fuzzy inference rules for each group of individuals. After the extraction of the fuzzy inference rules and their implementation in MATLAB R2016b software using FIS Editor GUI toolbox, one can observe the relationship between the input and output variables in the three-dimensional space. In [Fig. 5](#f0025){ref-type="fig"}, [Fig. 6](#f0030){ref-type="fig"}, [Fig. 7](#f0035){ref-type="fig"}, [Fig. 8](#f0040){ref-type="fig"} , the fuzzy inference rules have been shown in three-dimensional space for normal, slightly sensitive, sensitive, and very sensitive groups, respectively.Fig. 5Fuzzy inference rules for normal group.Fig. 6Fuzzy inference rules for slightly sensitive group.Fig. 7Fuzzy inference rules for sensitive group.Fig. 8Fuzzy inference rules for very sensitive group.

**Step 3:** In this step, the individuals in the society are classified. For this purpose, the following three questions are asked from the users:•How many hours do you have a fever?•How many hours do you have a tiredness?•How many hours do you have a dry cough?

The responses obtained from these questions are considered as inputs in the rule viewer box of the FIS and, finally, the output is computed. The system output is always a value within the range of zero to one. If the value obtained as the output lies exactly in one membership function (class), the user will belong to that class. However, if the resulting number falls between two membership functions, then the membership degree is considered as the selection index. To this end, the membership degree of the output variable is calculated for both classes. If the membership degree is the same for both classes, it does not matter in which class it will be placed. But, if the membership degree for class A is greater than that for class B, it should be placed in class A. The following is an example illustrating the efficiency of the proposed approach.

Assume that there are four users as follows:•User 1: This user belongs to the very sensitive group.•User 2: This user belongs to the sensitive group.•User 3: This user belongs to the slightly sensitive group.•User 4: This user belongs to the normal group.

The answers given to the questions by each of these users are presented in [Table 1](#t0005){ref-type="table"} .Table 1Responses to Questions by Each User.User 1User 2User 3User 4How many hours do you have a fever?8122024How many hours do you have a tiredness?3182416How many hours do you have a dry cough?15122032

The values presented in [Table 1](#t0005){ref-type="table"} are considered as the inputs into the proposed FIS. The output variable value calculated for each user is reported in [Table 2](#t0010){ref-type="table"} .Table 2Value of the output variable obtained from FIS for each user.User 1User 2User 3User 4Output value0.6620.510.5090.502

For the classification of users, it is benefited from the results of [Table 2](#t0010){ref-type="table"} and the membership functions (classes) presented in [Fig. 4](#f0020){ref-type="fig"}. As it can be observed, the output value for user 1 is equal to 0.662. Although this value lies between classes 3 and 4 in [Fig. 4](#f0020){ref-type="fig"}, it has been placed on the right side of the intersection of the two classes; in other words, it has a tendency to class 4. Thus, user 1 will be placed in class 4. The output values for users 1, 2, and 3 are equal to 0.51, 0.509, and 0.502, respectively. According to [Fig. 4](#f0020){ref-type="fig"}, these values are only in class 3; hence, these three users belong to class 3.

5. Sensitivity analysis and discussion {#s0045}
======================================

In this section, four scenarios, based on changing the user groups, are used to assess the performance of the proposed approach. In the case study section, it was assumed that there were four users, each of whom belonged to one of the four defined groups. In the current section, to do the sensitivity analysis of the proposed approach, it is assumed that the desired user belongs to any of the other three groups. We strive to see which class the user will be placed in and whether or not the change of class makes sense. For this purpose, four scenarios are defined as follows:•[Scenario 1]{.ul}: In this scenario, it is assumed that user 1 does not belong to the very sensitive group and belongs to one of the other three groups. When user 1 is grouped in the very sensitive group, it would belong to class 4. The user is expected to fall into class 4 or a lower one if it is placed in other groups. This is so because the membership functions of input variables in the very sensitive group are denser with a higher slope than those in the other groups. On the other hand, the fuzzy inference rules have been considered more cautious for the very sensitive group. In [Table 3](#t0015){ref-type="table"} , the output value and classification of each user are shown.Table 3Performance of the proposed approach if user 1 belongs to different groups.Output valueclassIf user 1 belongs to very sensitive group0.6624If user 1 belongs to sensitive group0.3562If user 1 belongs to slightly sensitive group0.3562If user 1 belongs to normal group0.2622

As it can be seen in [Table 3](#t0015){ref-type="table"}, the obtained results are consistent with the claim made here; therefore, the performance of the proposed model is confirmed.•[Scenario 2]{.ul}: In this scenario, it is assumed that if user 2 belongs to any of the very sensitive, slightly sensitive, or normal groups, the classes this user belongs to will differ. The output value and classification of this scenario are presented in [Table 4](#t0020){ref-type="table"} .Table 4Performance of the proposed approach if user 2 belongs to different groups.Output valueclassIf user 2 belongs to very sensitive group0.7224If user 2 belongs to sensitive group0.513If user 2 belongs to slightly sensitive group0.513If user 2 belongs to normal group0.3172

The results of this scenario are also in line with the logical expectations and reflect the accuracy of the proposed approach performance.•[Scenario 3]{.ul}: In this scenario, the performance of the proposed approach is measured when user 3 belongs to one of the groups other than the slightly sensitive group. In [Table 5](#t0025){ref-type="table"} , the results of this scenario are presented.Table 5Performance of the proposed approach if user 3 belongs to different groups.Output valueclassIf user 3 belongs to very sensitive group0.9165If user 3 belongs to sensitive group0.6334If user 3 belongs to slightly sensitive group0.5093If user 3 belongs to normal group0.53

The results obtained from this scenario also show that the model follows a reasonable trend and its performance is confirmed.•[Scenario 4]{.ul}: In this scenario, it is assumed that user 4 does not belong to the normal group and belongs to one of the other three groups. If this user belonged to the normal group, it would be placed in class 3. This user is expected to be placed in classes 3, 4, or 5 if it belongs to other groups. However, if a different result is obtained, it would indicate the inaccurate performance of the proposed approach. In [Table 6](#t0030){ref-type="table"} , the results of this scenario are shown.Table 6Performance of the proposed approach when user 4 belonging to different groups.Output valueclassIf user 4 belongs to very sensitive group0.9165If user 4 belongs to sensitive group0.7224If user 4 belongs to slightly sensitive group0.7224If user 4 belongs to normal group0.5023

The results of this scenario and the other three scenarios illustrate the soundness and proper performance of the proposed approach. Since people above 60 years of age and those with heart disease, diabetes, or high blood pressure have a poor immune system, they are more vulnerable to COVID-19 and should be given more attention. Thus, the fuzzy inference rules and membership functions are defined for different groups in accordance with their vulnerability, which is clearly observed in the four proposed scenarios. In Scenario 3, for example, if user 3 belongs to the very sensitive group and COVID-19 test result is positive, he/she should be hospitalized and placed under intensive care. However, if the same user belongs to the sensitive group, he/she will be hospitalized but does not require intensive care. On the other hand, if he/she belongs to the slightly sensitive or normal groups, there is no need for his/her hospitalization, and he/she should spend his/her illness period in quarantine at home. Therefore, the results show that the proposed approach follows logical patterns and its performance is confirmed.

6. Conclusion {#s0050}
=============

In this paper, a practical decision support system was proposed to classify community members and, accordingly, manage the demand and control the epidemic outbreaks in the healthcare supply chain. In the proposed approach, users are first grouped according to two criteria, age range and pre-existing diseases (such as diabetes, heart problems, or high blood pressure). These users are then classified using FIS. It should be mentioned that the three criteria of fever, tiredness, and dry cough have been used to classify users and different membership functions of these variables have been considered for various groups. Finally, the proposed approach was validated using data pertaining to the four users. These results, and the results of the sensitivity analysis process, indicate the proper and effective performance of the proposed approach.

Besides its benefits, any research may suffer from some limitations and this paper is no exception. One of the limitations of the current study is that the three symptoms of fever, tiredness, and dry cough have been considered as the criteria for the assessment of community residents. These three criteria do figure among the most common symptoms of COVID-19 infection, but other symptoms, such as diarrhea, vomiting, and the like have also been observed in some patients ([@b0135], [@b0225], [@b0275]). In this paper, three membership functions have been considered for input variables where it is possible to promote the accuracy of the decision support system by increasing the number of membership functions. Thus, for future research, it is recommended that other criteria such as diarrhea, vomiting, etc. be added to input variables in order to design a more accurate decision support system and to increase the number of membership functions of input and output variables as well. In this paper, an expert-based approach was employed to control epidemic outbreaks. It is recommended to use the integrated data science and expert knowledge to propose an adaptive neuro-fuzzy inference system for the control of epidemic outbreaks. Moreover, the decrease of the disruptions caused by epidemic outbreaks in supply chain network design by using multi-stage/scenario-based stochastic programming model can be an interesting and practical topic to be explored in future works ([@bib299]; [@bib297], [@b0100]). In epidemic disasters, the availability of vast amounts of data is usually evident. The employment of disruptive technologies can be a useful tool in this area ([@b0070], [@b0075], [@b0240], [@b0260]; [@bib296]). Therefore, the use of larger amounts of data and blockchain technologies ([@b0060], [@b0065], [@b0175]) to control disruptions is another attractive and new topic that is recommended to be considered as a future scope by researchers.
